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ABSTRACT
What makes content go viral? Which videos become popular and
why others don’t? Such questions have elicited significant attention
from both researchers and industry, particularly in the context of
online media. A range of models have been recently proposed to
explain and predict popularity; however, there is a short supply
of practical tools, accessible for regular users, that leverage these
theoretical results.HIPie – an interactive visualization system – is
created to fill this gap, by enabling users to reason about the virality
and the popularity of online videos. It retrieves the metadata and
the past popularity series of Youtube videos, it employs the Hawkes
Intensity Process, a state-of-the-art online popularity model for
explaining and predicting video popularity, and it presents videos
comparatively in a series of interactive plots. This system will
help both content consumers and content producers in a range of
data-driven inquiries, such as to comparatively analyze videos and
channels, to explain and to predict future popularity, to identify
viral videos, and to estimate responses to online promotion.
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1 INTRODUCTION
The popularity of online videos is typically measured by the number
of views they attract from viewers. Understanding online popularity
can help content producers to propose better content, and content
consumers to deal with information overload. Viral videos quickly
catch the attention of the viewers and achieve very high popularity
in short periods of time. Explaining what makes videos go viral,
and identifying them early would prove useful for advertisers and
content providers.
Our tool aims to fill several gaps about the systems that enable
users to reason about the popularity of online videos. The first
gap concerns the availability of such systems. Despite the range
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of theoretical models that have been recently proposed for model-
ing online popularity [2, 6, 10, 16], there is no readily available
software that allows regular users to easily examine the pop-
ularity over time for online videos and forecast their future
popularity. The second gap concerns content producers and adver-
tisers who need to choose which videos to promote and to identify
potentially viral videos. How can content producers quantify
virality and simulate video reaction to online promotions?
The third gap sits for content consumers. Most distribution plat-
forms (e.g. Youtube) feature personalized recommendation systems;
these usually act as black boxes and make the decision for the
user. The open question is how can the user be empowered by
enabling her to compare and select content on the fly?
In this work, we answer the above three questions, building upon
the current state-of-the-art popularity model, the Hawkes Intensity
Process (HIP) [10]. We introduce the HIP Insights Explorer (HIPie),
an interactive web-based application designed to assist users to
reason about the popularity and the virality of Youtube videos. It ex-
poses a series of measures derived fromHIP – such as the sensitivity
to external promotions and the endogenous amplification. It allows
one to conduct various tasks, including identifying prospective
popular videos, simulating video reaction to promotion schedules,
comparing videos from different authors (i.e. Youtube channels)
and visualizing the popularity series fitted and predicted by HIP.
The most important visualization of HIPie is the endo-exo map [10],
a projection of videos in the two-dimensional space defined by the
endogenous response and exogenous sensitivity. The relative posi-
tions of the videos in this space indicate their potential of becoming
viral. HIPie allows adding any Youtube video on-the-fly as long as
its popularity series are available.
The main contributions of this work include:
• A web-based interactive tool to visualize and predict future
video popularity using the HIP [10] popularity model;
• The endo-exo map visualization, on which the viral potential
of videos is compared;
• HIPie enables a series of applications concerning online popular-
ity, such as comparing videos and channels, identifying future
popular videos and simulating video reaction to promotion.
2 PREREQUISITES
In this section we briefly review the HIP model and how it is used
to quantify virality and simulate the effect of promotions.
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Figure 1: Applications enabled by HIPie. (a) Fitting and forecasting future popularity. (b) Using the endo-exo map to explore
video virality. (c) Separating the videos of two channels. (d) Identifying potentially viral videos. (e)(f) Simulating reaction to
promotions for video A. The size of the bubble shows video popularity before the promotion (e) and after the promotion (f).
Explain and forecast popularity with HIP. HIP [10] is a
novel generative model that explains online popularity series by
linking exogenous inputs from public social media platforms, such
as Twitter or Youtube, to endogenous responses within the Youtube
content platform, which account for the word-of-mouth process
occurring around videos. HIP models popularity using:
ξ (t) = µs(t) +C
∫ t
0
ξ (t − τ )(τ + c)−(1+θ )dτ (1)
where ξ (t) is the number of views that the video receives during
day t and s(t) is the volume of exogenous inputs (tweets, shares or
promotions). Eq. (1) can intuitively be understood as: the number of
views a video receives during day t is dependent on its popularity
at each previous day 1, .., t − 1 decayed by how fast people forget (θ
is the exponent controlling the power-law decay of social memory).
The parameters of HIP (µ,C, c,θ ) are fit on an observed prefix of the
views and the shares series. If future exogenous stimuli are known,
the popularity series can be “run forward” by plugging s(t) and the
past popularity into Eq. (1).
The endo-exo map. Two metrics derived from HIP describe a
video’s virality. The exogenous sensitivity µ quantifies the video
sensitivity to the external stimuli s(t). The endogenous response
Aξˆ is computed as Aξˆ =
∑∞
t=0 ξˆ (t), where ξˆ (t) is the popularity
series generated by a single initial exogenous impulse. Intuitively,
Aξˆ represents the total amount of endogenous amplification that
each view generates. Rizoiu et al. [10] introduce the endo-exo map,
which is a two-dimensional space of the exogenous sensitivity and
the endogenous response. It is used to identify potentially viral
videos, videos with high scores on both dimensions, as well as
unpromotable videos.
Viral potential and the reaction to promotions. Rizoiu and
Xie [9] use HIP in an advertisement application, in which the aim is
to quantify the effect of promotion on content popularity. The viral
potential ν = µAξˆ is the return on investment, or the total number of
views generated by a single promotion. They also study the effect
of promotion schedules on the views series. They construct the
promotion series by allocating to each day an amount of promotions,
and by introducing it into HIP alongside with the organic exogenous
stimuli to obtain the promoted view series.
3 APPLICATIONS
HIPie has a series of functionalities that enable users to understand,
reason and interact with the popularity of Youtube videos.
Explain and predict Youtube video popularity (Fig. 1a). For
any video, HIPie depicts several popularity series: observed, fitted
and forecasted by HIP. Fig. 1a shows the example of a Music video
“Footprints” from the Dutch DJ Tiesto (Youtube id: bcJI2DMPk40).
It shows the popularity series for the first 120 days after video up-
load. The dotted blue line represents the observed view counts (i.e.,
real data) and the red line is the external promotion series. Fitting
HIP and forecasting future popularity are performed in a temporal
holdout setup. The views and shares series in the first 90 days are
used to fit the parameters of HIP. The green line shows the fitted
view count series. The orange line represents the predicted view
counts series, using the previously fitted parameters and the exter-
nal promotion series from day 91 to 120. As shown in Fig. 1a and in
the online public installation (described in Sec. 4.3), the popularity
series fitted by HIP follows closely the observed popularity series.
Furthermore, Rizoiu et al. [10] have shownHIP to be able to forecast
future popularity with less than 5% mean absolute percentile error
when using shares as the exogenous stimuli series, and 5.35% when
using tweets.
Compare videos (Fig. 1b). HIPie enables users to compara-
tively analyze videos using the endo-exo map, by showing the
amount of views and shares they receive, alongside with the exoge-
nous sensitivity and the endogenous reaction. Fig. 1b shows six of
the most popular pop songs on Youtube on the endo-exo map. Each
video is presented as a bubble, where the x coordinate is the endoge-
nous response and the y coordinate is the exogenous sensitivity.
The color depth of bubbles indicates the amount (in percentage
scale) of external promotions that the video receives and the size
of bubbles shows the amount of views it receives. “Gentleman” (id
ASO_zypdnsQ) and “Gangnam style” (id 9bZkp7q19f0) from the
Korean singer Psy occupy the most privileged position on the map,
both having a high exogenous sensitivity and a high endogenous
response. In comparison, “Hello” by Adele (id YQHsXMglC9A) has
lower exogenous sensitivity, while “PPAP” by the Japanese singer
Pikotaro (id 0E00Zuayv9Q) has a lower endogenous response.
Compare channels (Fig. 1c). In HIPie we use the endo-exo
map to visualize groups of videos that belong to the same user-
assigned content type, or are from the same author (called channel
in YouTube). Fig. 1c shows in black color a scatter plot of videos
in the category News&Activism, posted by the reporter Anatolii
Sharij covering the 2014 events in Ukraine, and in red color a user
(VEGETTA777 ) focusing on recordings of Game sessions. The game
recording videos are generally more popular (bigger bubbles) than
the news videos, and this is explained by the former group having
higher exogenous sensitivity – higher values of µ.
Identify potentially viral videos (Fig. 1d). HIPie allows to
identity videos that have the potential of going viral, but are yet
to. These are videos with high exogenous sensitivity and high
endogenous response (top-right corner of the endo-exo map), but
which have received very little external stimuli. Video H from in
Fig. 1d – a Japaneese Film&Animation video – is an example of
a potentially viral video: it has both high endogenous response
and exogenous sensitivity, it has received few promotions (light
color) and has achieved little popularity (small bubble size). Every
external stimuli that this video receives will generates 450 views.
Simulate video response to promotions (Fig. 1e & 1f).HIPie
allows simulating “what-if” scenarios: what would be the popularity
of a video if it received an additional volume of external stimulation.
One can promote (or demote) a video by adding or subtracting a
volume of promotion, spread equally among the first 90 days (the
even promotion schedule studied by Rizoiu and Xie [9]). Video A
in Fig. 1e is a collection of “ice bucket” challenges (id: 3hSIh-tbiKE)
which receives little external stimuli (light color) and low popularity
(small bubble). Video B (a Gaming video, id 0lTTWeavl1c) has a
similar position on the endo-exo map, but it has a higher popularity
due to having receivedmore external stimuli. After promoting video
A with an amount of promotions similar to B (i.e. similar color in
Fig. 1f), A achieves a similar popularity level as B (similar bubble
size).
Figure 2: The main interface of HIPie.
4 DESCRIPTION OF THE DEMO
In this section, we introduce the main interfaces of HIPie (Sec. 4.1),
present some implementation choices (Sec. 4.2) and how to obtain,
test and use HIPie (Sec. 4.3).
4.1 Main Interfaces
HIPie is designed as an interactive web application. Fig. 2 gives an
overview of the main interface of HIPie, containing four panels
on the right and a navigation menu on the left. In this section, we
describe the main interfaces and functionalities.
The endo-exomap (top-left). This is the most important panel
in HIPie. In addition to the characteristics described in Sec. 3, the
plot is interactive: hovering over bubbles shows a pop up with
additional information about the video (YoutubeID, Author, Title,
endogenous response and exogenous sensitivity values, acquired
percentiles of views and shares). The user can zoom into certain
areas of the map and drag the map. Clicking on bubbles in endo-
exo map causes other three panels to switch to the current active
video. The rest of the panels in Fig. 2 are updated to show detailed
information of the current active video.
The popularity panel (top-right) shows the popularity series
of the current active video: observed, fitted and forecasted view
counts and observed share counts. Hovering over the plot gives the
values of each series at the hovering time point.
The preview panel (bottom-left). This panel allows to play
the selected video, while interacting with the other panels.
The video metadata panel (bottom-right). This panel shows
detailedmetadata information about the current active video: Youtube
ID, Title, Author, Category, Upload date, number of views, number
of shares and endo-exo values.
Collection management menu. HIPie allows one to create,
manage and visualize multiple video collections, using the naviga-
tion menu and controls located on the left side of the interface. The
default collections cannot be changed.
Adding New Videos. HIPie allows one to add or remove videos
from the current collection, by using the buttons in the top-right
corner of the interface. A new video is added by inputing its Youtube
video ID or video link. A backend process will crawl the video meta-
data and popularity series using the youtube-insight [14] package.
Once crawling completes, the first 90 days of the popularity series
are used to fit the parameters of HIP. Any Youtube videos can be
Table 1: Summary of packages used in HIPie
Package Description
HIP [10] An open-source implementation for
modeling online popularity with HIP4.
Shiny [11] An integrated package for implement-
ing web apps in the R language.
ShinyJs [1] A tool that allows JavaScript functions
to be called inside R programs.
ShinyDashboard [4] Interface which bootstraps and provides
several themes for web page UI.
Plotly [13] An interactive plotting library for many
programming languages including R.
Shiny Server [12] Server for Shiny applications.
youtube-insight [14] An integrated Youtube data crawler5.
added to the system as long as its popularity series are publicly
accessible and at least 120 days data. After the fitting is completed,
the video appears in the corresponding collection.
4.2 Implementation
HIPie is built in R [8] using the open-source package Shiny [11],
which is dedicated to creating interactive web applications in R.
Shiny enables developers to focus on visualization by simplifying
front-end design and backend configuration and it provides web-
based input and output tools. The other employed packages are
chosen for their compatibility with Shiny and for their efficiency.
For example, we employ Plotly to construct the interactive visual-
ization experience. It allows one to easily convert static R plots into
interactive visualization. We also use ShinyJs to build customized
JavaScript interactions between R and the frontend, as it is compat-
ible with default Shiny elements and has many useful APIs. Table 1
lists all the packages employed in HIPie, together with their project
links and brief descriptions.
4.3 Obtaining and running the demo
HIPie is open-source and publicly accessible. To download the
source code, access a live demo or a quick tour, we provide the
following options:
• A public installation of HIPie1 is live for testing, requiring
only a web browser.
• The source code of HIPie can be accessible from a Github
repository2. Simply clone the repository and follow the
instructions in the README file to run a local installation.
• For a quick tour of the various usages and capabilities of
HIPie, we provide a short Youtube video3.
1HIPie public installation: http://www.hipie.ml/
2Github repository of HIPie: https://github.com/computationalmedia/hipie/
3Screencast for HIPie: https://youtu.be/x5xIf4vUScI/
4HIP code: https://github.com/andrei-rizoiu/hip-popularity/
5youtube-insight code: https://github.com/computationalmedia/youtube-insight/
5 RELATEDWORK
Recent results in popularity modeling feature a range of theoretical
models to explain and predict online content popularity [2, 6, 7,
10, 16]. However, the choice of publicly available platforms that
implement these models for the non-scientific user is rather limited.
Khosla et al. [5] implement a web-based demonstration6 for
predicting image popularity before publishing the images. Their
system computes a popularity confidence by taking image content
and a range of social factors into account. Castillo et al. [3] create
FAST7 (Forecast and Analytics of Social Media and Traffic) for
predicting views of news article, by leveraging anonymous real-
time page view data. Xie et al. [15] provide a tool8 that uses real-time
Twitter data to identify potential viral topics and predict their total
popularity.
HIPie differs from the aforementioned works in several ways.
First, it aims to be more than a demonstration of a scientific al-
gorithm: it is a visualization platform dedicated to users. It has
multiple visualization components and the user-friendly interac-
tion enables this platform to easily convey the modeling outcome.
Second, this platform is built for Youtube video popularity model-
ing, while other platforms generally deal with Twitter, news article,
etc. Third, it is open-source and it allows developers to integrate it
with other popularity models and additional data sources.
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